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ABSRACT 
Improving Sinkhole Mapping Using LiDAR Data and Locating Sinkhole Hotspots in Johnson 
City, TN 
by 
Kingsley Temidayo Fasesin 
 
Predicting infrastructure damage and economic impact of sinkholes requires high accuracy 
mapping distribution and development. The study mapped sinkholes and sinkhole hotpsots in 
Johnson City, TN using LiDAR-derived Digital Elevation Model (DEM) and a database of 
known sinkholes which were matched to LiDAR-derived depressions. For all matched 
depressions (n = 404), three metrics were calculated: circularity index, ratio of length to width of 
the Minimum Bounding Rectangle (MBR) and percent coverage of the MBR by the depression, 
and 3,634 new sinkholes were identified. Newly developed hotspots were identified in north 
Johnson City and other areas in the south near the Johnson City Medical Center. The 
methodology developed can be applied to identify hotspots in other small metropolitan cities and 
the hotspot map produced can be employed in hazard mitigation planning, resource allocation, 
and made available publicly to property owners and insurance companies. 
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CHAPTER 1 
INTRODUCTION 
 
A common landscape in regions of the world underlain by soluble rocks is karst, a 
landscape known to host sinkholes and collapse features. Karst is a distinctive topography 
developed as a result of dissolution in carbonate and other underlying soluble rocks by surface  
or ground water. The two groups of sedimentary rocks that give rise to karst formation are 
evaporite and carbonate rocks. Examples of carbonate rocks includes limestone and dolostone, 
while the evaporite group includes gypsum and anhydrite. The presence of carbonate rocks such 
as limestone and dolostone as bedrock is predominant in many parts of East Tennessee, with 
approximately 50% to 60% of all underlying rock types being carbonates (Moore 2013). Karst 
landscapes are studied in different parts of the world, including the Causses of France; the 
Kwangsi area of China; the Yucatán Peninsula of Mexico; the Middle West region of the United 
States; they are predominantly found in Europe and parts of the United States including Indiana, 
Kentucky, Tennessee, and Florida (Harmon et al. 2006). Parts of all 50 states of the United States 
are underlain by relatively soluble carbonate and evaporite rocks, which have the potential for 
development of sinkholes and karst subsidence (Weary 2008).  
The types of features associated with karst landscapes makes them an important field of 
study as they cause deformation of surface and sub-surface physical and morphological 
structures. Geo-hazards in karst environments such as subsidence and sinkhole collapses damage 
man-made structures. For example, in other cities of the world such Oviedo and Calatayud 
located on cavernous gypsum in Spain, economic impact of a single collapse event that affected 
building in 1998 was estimated to be approximately 21 million US dollars and approximately 5.6 
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million US dollars in 2003 (Gutierrez et al. 2008). Damages resulting from karst subsidence and 
sinkhole collapse cost the United States millions of dollars, and during a catastrophic sinkhole 
collapse event in developed areas, buildings and properties may be affected and may even cause 
loss of human lives. In preparation and planning against natural karst hazard occurrences, losses 
and damages to man-made structures can be mitigated through effective investigation and 
mapping of the areas at high risk of formation. 
Geospatial data incorporated in Geographic Information System (GIS) to map sinkholes 
are often available from government agencies including U.S. municipal, county, state, and 
federal agencies. Sinkhole distribution maps have been generated from sequential historical 
maps, topographical maps, digital elevation models constructed from aerial imagery, and 
geophysical surveys (Gutiérrez et al. 2008a). According to Launspac (2013, some of these 
mapping methods are labor intensive and usually produce low resolution images (i.e. horizontal 
resolution of 10 to 30 m and vertical accuracy greater than 1 m), while geophysical surveys are 
expensive to carry out at this scale. One promising technique gaining popularity is the use of 
Light Detection and Ranging (LiDAR), as it provides continuous high-resolution (XY resolution 
of 0.6 to 1.5 m and vertical accuracy of about 0.1 m) data over larger area such as the county 
level, state level, or even the country, which renders others of less advantage to use (Launspach 
2013). This study used LiDAR data recently made available by the Tennessee Geospatial Data 
Clearing House to map sinkholes and assess sinkhole hotspot areas in Johnson City, Tennessee. 
The scope of this study is to develop a methodology for identifying sinkholes in Johnson 
City using LiDAR data by (1) generating a rule set to classify depressions as to their likelihood 
of being a karst feature, and (2) examining the spatial pattern indicated by candidate sinkholes, in 
order to locate sinkhole hotspots. Thus, the organization of this research is structured to test the 
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accuracy of the LiDAR data for mapping sinkholes. Sinkhole formation mechanisms, previous 
mapping methods, information about the study area, including climate and geology, are 
discussed in Chapter 2. Chapter 3 focuses on describing data being used, identifying depressions 
using LiDAR data, creating a known sinkhole database from topographic maps and calculating 
metrics for selecting True Sinkholes from Candidate Depressions. Results are presented in 
Chapter 4. A detailed discussion from the results in Chapter 4 is provided in Chapter 5, while the 
limitations, conclusions and implications of the study are provided in Chapter 6. 
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CHAPTER 2 
BACKGROUND 
 
Damage resulting from karst subsidence and sinkhole collapse is a natural hazard of 
national scope, affecting infrastructure and facilities including school buildings, bridges, dams, 
sporting facilities, and roads, causing damage to life and property (Weary 2015). Sinkholes also 
serve as passageways for contaminants to get into the groundwater and lead to vertical 
deformation (subsidence) by transporting sediment underground (Newton, 1987; Hyatt and 
Jacobs, 1996; Waltham et al. 2005, Galve et al. 2009a). Following are some examples of the 
impact of sinkholes and repair cost in other countries facing sinkhole-engendered geohazards. In 
a recent study, Carbonel et al. (2015) reported significant economic loss in Spanish urban areas 
caused by active subsidence, predominantly in evaporite karst. For instance, the AP-68 
motorway in Spain was affected by five collapse events from 1981 to 1991 (Soriano and Simón, 
1995). In a separate event, also in Spain, a collapse sinkhole approximately 5 m across occurred 
next to the N-232 highway overnight on May 23, 2006 (Gutiérrez et al. 2008a). Three sinkholes 
disrupted the N14 national road in the West Rand region of South Africa in 2008 and the road 
was still out of service in 2012 due to the high cost of repair estimated at $7.3 million USD 
(Galve et al. 2012) 
About 18% of the ground surface in the United States is underlain by soluble rock and 
sediment with the potential to form sinkholes in the future (Weary and Doctor 2014). Sinkhole 
formation in the United States, particularly those that damage buildings, highways, and other 
infrastructure, is a major concern and determining the cost of repairing them is very important  
(Weary 2015). Repair of damage to buildings, highways, and other infrastructure has an impact 
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of approximately $300 million nationally (Weary 2015). Florida is one of the most affected areas 
in the world and its yearly annual losses attributed to sinkholes is between $22 and $65 million 
(Therolf 2005). Moreover, Florida has the highest density of sinkholes; the calculated sinkhole 
density value of 7.94 sinks/km2 is the highest among the investigated regions of Tampa and 
Orlando (Brinkmann et al. 2008). Most of Kentucky is karstic, and the geologic hazards caused 
by karst cost the state government $20 million annually (Current 2012a and 2012b). In rural karst 
areas, commercial development requires a thorough work plan to manage and remediate the 
sinkholes (Zhou 2008).  
Tennessee, particularly the eastern part, is also highly karstic. In an attempt to properly 
evaluate the potential for geologic hazards along a highway extension, Moore (2013) created a 
karst map to locate All Sinkholes and caves within the project area, with karst being the primary 
geologic hazard identified. The Tennessee Department of Transportation (2016) has used 
thousands of tons of rock material to plug sinkholes that damage the transportation network in 
Tennessee (Siska et al. 2016). 
  According to the United States Geological Survey fact sheet (USGS Sinkholes… 2007), 
four of the 12 southeast states of the U.S namely; Florida, Alabama, Kentucky and Tennessee, 
are included in the list of states with most damage from sinkholes to infrastructure. A portion of 
Sanders Road, Wilmington, NC was closed for about a month during summer 2017 while the 
North Carolina Department of Transportation (NCDOT) “permanently” fixed a recurring 
sinkhole (70 ft deep) in front of Bellamy Elementary School. NCDOT officials have said a 
permanent repair could have a startling side effect-another sinkhole may open up, possibly under 
the New Hanover County Elementary School itself (Buckland, StarNews – NC, 2017). The 
repair cost of some sinkholes, that occurred along roadways is provided in Table 1.  
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Table 1: Some Sinkhole Incidents in Tennessee and Associated Costs from the Years 2000–2017 
  State          Year          Cost   Event                                         Source 
Tennessee 2010 $267,000 Tennessee Department of 
Transportation, 
I-24 Grundy County 
sinkhole repair 
I-24 East in Grundy County opens after 
sinkhole repaired. [internet]. 2010 May 19. 
Avalaible at URL :  
http://www.wrcbtv.com/story/12508049/i-24-
east-in-grundy-county-opens-after-sinkhole-
repaired 
Tennessee 2014 $250,000 City of Knoxville, Kindle 
Road 
sinkhole repairs 
Repairs planned for Kendall Road sinkhole. 
[internet]. 2014 January 15. Available at URL: 
https://www.wbir.com/article/news/local/west-
knoxville-farragut/repairs-planned-for-
kendall-road-sinkhole/95272467 
 
Tennessee 2017  Sinkhole repairs on I-24 
West in Clarksville to impact 
rush hour traffic 
Sinkhole Repairs… [internet]. 2017 September 
6. Avalable at URL: 
https://www.wkrn.com/news/traffic/sinkhole-
repairs-on-i-24-west-in-clarksville-to-impact-
rush-hour-traffic/1057467602 
 
Tennessee 2017 $177,057 Sinkhole may not be cause of 
Alcoa Highway collapse 
Sinkole may not… [internet]. 2016 October 12. 
Available at URL: 
ttps://www.wbir.com/article/news/local/sinkho
le-may-not-be-cause-of-alcoa-highway-
collapse/51-334952656 
 
Tennessee 2018  TDOT closes road in 
Bluff City, TN due to 
sinkhole. 
TDOT closes… [internet]. 2018 May 24. 
Available at URL: 
 https://www.wjhl.com/local/tdot-closes-road-
in-bluff-city-tn-due-to-sinkhole/1196639301 
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The influence of sinkhole on roads and other infrastructures indirectly affects individuals 
served by this infrastructure, as well as policy and decision makers. Much attention has been 
directed towards studies that inform policy makers and the public about karst landform, hazard 
and anthropogenic impacts (Brinkman et al. 2007). Virginia Cave Conservancy, in a reference 
guide for landowners in karst regions of the state, emphasized the need for information about 
karst resources and therefore produced a guide that will be helpful to landowners, farmers, cave 
entrance owners, business people, and whoever works, lives, or plays in karst areas. 
The impact of sinkholes on road and building infrastructure has led to new insurance laws 
governing sinkhole loss coverage in sinkhole-prone states (Brinkman et al. 2007). For example, 
Chapter 7 of the 2014 Tennessee Code of Title 56 – Insurance (TN Code § 56-7-130, 2014) is 
focused on policies and policyholders concerned about sinkhole events and provisions available 
against losses caused by sinkholes (State of Tennessee… 2014). Therefore, information about the 
economic impact of sinkholes and locations of high-risk areas for sinkholes, and some general 
information about how they form, where they are located, and actions to be taken, should be 
made available publicly given the extent of its impact. 
Sinkhole Formation Mechanisms 
Sinkhole collapse tends to occur more in regions of higher rainfall where local geologic 
settings are conducive to formation of cover-collapse sinkholes; such areas include locations 
where soluble rocks are overlain by variable thicknesses of sediment or soil, especially in the 
eastern part of the United States (Weary 2015). Soluble rocks and surficial deposits can be 
dissolved or combined with internal erosion and deformational processes in the subsurface to 
produce closed depressions known as sinkholes or dolines. Sinkhole formation involves natural 
processes of erosion or subtle removal of soluble bedrock (particularly carbonate rocks) by 
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percolating water, the collapse of a cave roof, or a lowering of the water table. As the rock 
dissolves, spaces, voids and caverns develop underground. Sinkhole formation is the result of 
complex interactions between hydrologic (e.g. flooding), geologic (e.g. overburden thickness), 
geomorphologic (e.g. elevation), anthropogenic (e.g. land use), climatic (e.g. precipitation), 
hydrogeologic (e.g. aquifer fluctuations), and other factors with fluctuating magnitudes over 
varying spatial and temporal scales (Cahalan 2015). According to Zhou (2008), karst regions are 
prone to sinkhole formation because of inherent defects, which include irregular bedrock 
surfaces, voids in the underlying rock formation, and loosened eroded soils with low penetration 
resistance.  
The essential factor of all sinkhole development involves the dissolution of the 
underlying carbonate rich bedrock (limestone) by slightly acidic water. As rain falls through the 
atmosphere, it absorbs carbon dioxide and forms a weak carbonic acid. As this water makes its 
way through the soil layers, it reacts with living and decaying plant matter and becomes more 
acidic. The acidic water slowly dissolves limestone, especially along fractures, fault lines, and 
joints. This chemical weathering eventually forms voids or cavities into which overlying 
sediments may collapse or subside. Ultimately, the chemical weathering of limestone results in 
physical collapse (sinkhole). 
In regions where the carbonate rocks are evaporites (gypsum and salt), Gutiérrez and 
Gutiérrez (1998), Klimchouk (2000), and Jeschke et al. (2001) discuss the key factors 
responsible for karstification process. They include:  
(1) The makeup of the evaporites and any adjacent aquifers (lithology and mineralogy).  
(2) The structure and texture of the evaporites and any adjacent aquifers. 
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(3) The amount of water meeting the evaporites and its physicochemical properties  
  including saturation metric and temperature). 
(4) The flow regime and groundwater conditions (laminar or turbulent, phreatic or 
vadose).  
(5) The fluctuations of water table (or piezometric level). 
The internal erosion and deformational processes in carbonate environments are primarily 
controlled by different factors (Waltham et al. 2005), including: 
(1) The thickness of overburden above the karst zone and cavities created either by 
dissolution or upward stoping (mining). 
(2) The mechanical properties of the overburden materials above the karst zone, which 
may be altered by dissolution processes and variable materials in the water.  
(3) Shapes and sizes of the subsurface voids, primarily the span of the cavity roofs.  
(4) Position and changes of the water table (or piezometric level). 
While evidence shows that geological structures and geochemistry of the materials are 
important factors in the development of sinkholes, physiographic factors are also important 
(Cahalan 2015). In particular, distance to wetlands, overburden thickness, and aquifer 
fluctuations were statistically significant in all sinkhole datasets used, and proximity to fractures 
and rivers are associated with sinkhole formation (Cahalan 2015). This was found to be 
consistent with the works of Hyatt and Jacobs (1996) who describe a small-scale sinkhole 
primarily formed in the Flint River floodplain along bedrock fractures. Warner (2012), found 
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that that groundwater fluctuations in upper Floridian Aquifer are connected to the formation of 
sinkholes in the area.  
Brezinski (2004) prepared a detailed geologic map and karst features description of 
Frederick Valley, Maryland, and used this information to characterize factors that contribute to 
sinkhole formation and to identify the geologic units most susceptible to sinkhole development. 
Hydrogeologic, hydrologic, and geologic variables are the most influential factors controlling 
sinkhole formation. For example, in Dougherty County, Georgia, areas with characteristic high 
water table fluctuations of 12 – 14 m, shallow overburden thickness of less than 7.5 m, and close 
proximity to streams, wetlands, and bedrock fractures have a higher probability of sinkhole 
formation (Cahalan 2015). In the northern Great Valley of Virginia and West Virginia, sinkholes 
tend to be concentrated in zones of faulting, local minor folding, and clustered within susceptible 
on bedrock units at the noses (the tip of the plunging fold pointing in the direction of plunge) and 
axes of large plunging folds (Doctor et al. 2008). In a study of sinkhole distribution in Virginia, 
Hubbard observed that detected sinkholes are found in regions where carbonate rocks are 
present, where structural folds and faults exist, and also where carbonate bedrock is adjacent to 
deeply incised rivers and tributaries (Hubbard 2001). 
Sinkhole Mapping 
Common methods used in mapping sinkholes include field survey, topographic maps, 
subsurface mapping, and aerial imagery interpretation. Mapping sinkholes can be done using 
subsurface data such as those from speleological exploration, which, according to Gutierrez 
(2008a), has likely produced the most reliable sinkhole susceptibility maps to date. Speleological 
mapping cannot be done for large area sinkhole inventory, however, thorough field survey to 
identify sinkholes not visible on aerial photography has been used, but is laborious. According to 
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Cooper et al. (2001) and Cooper (2008), a database template should be used for describing each 
sinkhole encountered during the field survey with characteristics such as geometry, location, 
orientation, age, relative chronology, signs of instability, proximity to human structures, and all 
other observations. 
Identification of sinkholes from the USGS 1:24,000 scale topographic maps is possible 
because closed depression features are included in the maps and are usually indicative of the 
presence of sinkholes in karst terrains. According Zhu et al. (2014), several states in the United 
States in the last few decades have developed sinkhole distribution databases by digitizing them 
from topographic maps. The process of visual analysis and interpretation of depressions is 
painstaking, because is it done manually by digitizing the centroids of depression contours from 
topographical maps (Doctor and Young, 2013). According to Dunigan (2018), a sinkhole 
database was generated for Tennessee by digitizing Tennessee sinkholes from online topos 
(CalTopo.com), and over 54,000 sinkholes visible on the 800 USGS Tennessee topographic 
quadrangles were included in the database. 
Historical Digital Elevation Models (DEMs) produced from stereo photogrammetry and 
aerial surveys have been utilized in the past for sinkhole identification and analysis for building 
sinkhole susceptibility maps (Cahalan 2015). Preliminary evaluation of remote sensing 
application (photographs) was useful in early detection of sinkholes in Alabama (Newton 1976). 
Application of Landsat images was used to examine the relationship between structural 
lineaments and sinkholes in west-central Florida (Littlefield et al. 1984). 
The use of Geographic Information Systems (GIS) has become very useful to state and 
local governments in the field of natural hazards (Whitman et al. 1999). The rapid development 
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of GIS in the last few decades has facilitated the application of quantitative methods to predictive 
modeling (Galve et al. 2007). Koutepov et al. (2008) applied GIS to a ground stability 
assessment in a karst area of Dzerzhinsk, Russia. Groundwater level was found to be fluctuating, 
which could form sinkholes when the gravitational force exceeds soil strength. GIS was, 
therefore, used to combine data and to delineate areas of potential sinkhole collapse. 
  Light Detection and Ranging (LiDAR) DEMs are the latest datasets gaining recognition 
in sinkhole mapping because of the advantage of rapidly producing high-resolution DEMs. 
LiDAR has tremendously increased the speed and accuracy of sinkhole mapping at the regional 
scale, particularly at the county level (Rahimi et al. 2013). The results from their study indicated 
the number of sinkholes identified using LiDAR DEM (1 m spatial resolution) was four times 
the number of sinkholes identified from previous sinkhole mapping done in Winona County, 
Minnesota. A LiDAR DEM was used in the northern half of the Boyce 7.5 minute quadrangle in 
Clarke County, Virginia to compare manual delineation and automatic generation of depressions 
using Topographic Position Metric (TPI), and difference raster (filling depressions in the DEM, 
and subtracting the filled DEM from the original DEM) (Doctor and Young 2013). They found 
that TPI is not as time-consuming as the fill-difference method; however, the fill-difference 
method performed better at identifying depressions of larger area and filtering out false 
depressions. Zhu et al. (2014) developed a method of processing LiDAR data that involved post-
processing of LiDAR points into a DEM with a cell size of 1.5 m, and extracting Candidate 
Depressions from the DEM generated in portions of the Floyds Fork watershed in central 
Kentucky. Cahalan (2015) used two DEMs with 10 m resolution (1991 and 2011) from U.S. 
Geological survey National Elevation Dataset, for sinkhole identification in Dougherty County, 
Georgia and then compared the result with sinkholes identified in the same county from LiDAR 
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derived DEM (1 m).  The result indicated that 275 sinkholes were identified using the old DEMs 
with poor resolution, while 3,412 sinkholes were identified using the LiDAR DEM with higher 
accuracy.  
Filter mechanisms can be applied to improve the accuracy of sinkhole identification by 
eliminating false depressions identified in the data from the LiDAR derived DEM. False 
depressions (depressions that are not sinkholes) include impoundments behind culverts and 
bridges, football fields, dams, lakes, and ponds. Filtering may be done by calculating geometric 
properties of the potential sinkhole features and applying them to each of the known sinkhole 
features to further ascertain depressions that are actual sinkholes. Zonal geometry of polygons, 
eccentricity of an ellipse, and circularity index, were calculated and threshold values for each 
were chosen based on visual examination to filter out false depressions (Doctor and Young, 
2013). Cahalan (2015) applied depth filtering and eccentricity of an ellipse (e) as geometric filter 
to sinkhole inventory datasets in order to improve the inventory of sinkholes identified. The 
Minimum Bounding Rectangle tool, which calculates two axes of polygon and then assigns a 
ratio value to the sinkholes, was used in identifying sinkholes in the automation extraction of 
sinkholes in northeast Iowa (Launspach 2013).  
The use of LiDAR DEM in mapping sinkholes has been employed in studies of Zhu et al. 
(2014), Whitman et al. (1999), Launspach (2015), and Doctor et al. (2013). While natural karst 
hazards may not be completely avoided, losses and damages can be alleviated through effective 
implementation of investigative techniques such that areas of greater sinkhole susceptibility may 
be identified and avoided (Dai et al. 2008). With LiDAR DEM, an improved and sinkhole 
inventory can be produced efficiently. This research takes advantage of LiDAR data recently 
made available in Tennessee, in combination with GIS techniques, to map depressions in 
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Johnson City. In addition, we created new rules to classify mapped depressions by their 
likelihood of being sinkholes based on three metrics calculated from the geometry of the 
depressions. The results are used to locate sinkhole hotspots, which in turn could be used in the 
allocation of funds and resources to such areas at risk of karst hazards, particularly sinkholes. If a 
hotspot occurs very close to infrastructure such as roads, railways, or buildings, it will help in 
determining which infrastructure may require immediate safety evaluations, ultimately 
minimizing environmental threats to life and property and maximizing land use (Muckel 2004). 
Study Area 
East Tennessee comprises 33 counties, with three located in the Central Time Zone and 
the remaining 30 in the Eastern Time Zone. Johnson City (Figure 1), in Washington County, is 
located in the Valley and Ridge physiographic province, with landforms ranging from densely 
forested, 6,000 ft elevation (1,800 m) mountains to broad river valleys.  
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Figure 1: Johnson City, Washington County, TN, showing the current city limit within the urban 
growth boundary of the city (Data Source: OpenStreetMap). 
 
Climate of Study Area 
According to U.S Department of Commerce and National Oceanic and Atmospheric 
Administration (NOAA, 2018), Johnson City receives 1044 mm of rain per year, which is higher 
than the US average of 990.6 mm. Snowfall averages 360 mm, less than 660 mm of snow 
received in the average U.S city. The number of days with any measurable precipitation is 87. 
The average days per year in Johnson City when the temperature is at or above 90 0F (32.2 0C) is 
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19 days and the average when the temperature is at or above 32 0F (0 0C) is 94 days. The average 
temperature about Easter time is 54.6 0F (12.6 0C) and about Thanksgiving is 43.9 0F (6.6 0C). 
Geology of Study Area 
Johnson City is underlain by Cambrian to Ordovician-aged limestone, dolomite, siltstone, 
shale, and sandstone bedrock (Figure 2). These rock types conform to the geologic description of 
those in the Knox group, Conasauga group, the Unicoi formation, and Hampton formation in East 
Tennessee described by Rogers (1953). The Knox group of Late Cambrian and Early Ordovician 
age is the dominant stratigraphic unit in East Tennessee underlying a larger area than any other 
stratigraphic unit in the region. The cherty beds found in the Knox group underlie the ridges while 
the less cherty ones underlie valleys (sandstone and shale). The division of the Knox group in some 
localities in northeast Tennessee are into the Conococheague Limestone taking lower portion and 
the Jonesboro Limestone in the upper portion. The Knox group in northeastern Tennessee ranges 
from 3,000 to 4,000 feet in thickness. The lower part of the Knox group consists of dark blue gray 
limestone containing thin layers of silty dolomite that produce a ribboned appearance on weathered 
surfaces. The ribboned limestone units are interbedded with light and medium gray dolomite. Chert 
occurs as dark nodules in the lower part, and coarse-grained sandstone occurs near the base. The 
upper part of the Knox group is predominantly dark blue limestone. Beds of gray dolomite, a few 
feet thick, also are present. The limestone and dolomite undergo intense weathering to produce a 
dark red soil.  
Southeastern phase of the Conasauga group consists of the Nolichucky Shale, Honaker 
Dolomite and Maynardville Limestone. This boundary phase in Tennessee lies under or is 
northwest of the Pulaski Fault; it cuts northeastward across the strike at an angle in southwest 
Virginia and reaches the northwest margin of the Valley and Ridge province west of Honaker. 
25 
 
Nolichucky shale consisting of shale, limy siltstone, silty limestone, and limestone full of dolomite 
ribbons is also present in the study area (Rogers 1953). 
Arkose sandstone, comprised of feldspathic coarse sandstone and fine conglomerate, 
dominates the upper part of the Unicoi formation found in the study area and it is lithified by 
quartz cement. Thick-bodied feldspathic sandstone layers of the Hampton formation are also 
found in the study area. These layers are resistant to weathering with some of it well cemented 
by vitreous quartz and approaching an impure quartzite.  
Figure 2: Geological Map of Johnson City, showing Unicoi formation (Єu), Knox group (OЄk), 
Conasauga group (Єc) and Hampton formation (Єh) (Data Source: USGS) 
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Recognizing active areas of subsidence and collapse is highly important in the design and 
construction of roadways, including extensions of existing roadways (Moore 2013). Like in 
many other cities and regions around the world, the sinkhole inventory database requires 
updating, especially with the recent availability of LiDAR DEM into GIS to map sinkholes. The 
availability of up-to-date inventory of sinkholes in Johnson City, will help the city in making 
proper plans for existing infrastructure within city growth beyond the current limit. Also, actions 
to be taken in mitigating against the damages caused by sinkholes can be drafted into a 
mitigation plan informed by such sinkhole inventory.  This research is focused on developing an 
efficient and accurate method of mapping sinkholes in Johnson City, and identifying hotspots 
and spatial patterns of sinkhole locations using GIS technology and high resolution LiDAR data. 
These methods can be applied to any location. 
Specifically, the objectives of this research are: 
❖ To develop a methodology for sinkhole identification using LiDAR DEM. 
❖ To determine ruleset to classify depressions in Johnson City, as to the likelihood of being 
a karst feature. 
❖ To examine the spatial pattern of sinkhole locations in Johnson City to identify hotspots 
for sinkholes. 
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CHAPTER 3 
METHODOLOGY 
 
The approach used in this research is based on some of the methods and metrics 
described in the background section. To identify sinkholes from LiDAR data, first the LiDAR 
DEM was processed to delineate each depression. Known Sinkholes were matched to and 
extracted from the LiDAR depression database and geometric metrics were calculated for each 
known sinkhole. Upper and lower bounds for each metric were selected and validated, and then 
applied to the remaining depressions in the LiDAR database to develop a sinkhole likelihood 
score for each depression. Methods are summarized in a flow chart in Figure 3, and details are 
presented in the following sections. All the processing from raw elevation to this point was 
performed using geoprocessing tools in ArcMap 10.5 (Environmental Systems Research 
Institute, 2016). 
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Figure 3: Flow chart of the methods applied to identify True Sinkholes using LiDAR data and USGS topographic maps. 
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Data Description 
The input variables for the study included a LiDAR DEM, and Digital Raster Graphics 
(DRG’s) of USGS topographic maps. Map layers such as the study area roads shapefile and 
boundary were also included (Table 2). 
LiDAR DEM: One of the deliverables for East Tennessee FY16 Lidar Project was the creation of 
a 2.5 ft hydro-flattened — a process involving assignment of elevation values to lakes and 
streams to remove bad points — raster DEM from LiDAR point cloud data. This was acquired 
from the Tennessee Geospatial Data clearing house. The bare-earth DEM non-vegetated vertical 
accuracy is 0.096 m. According to the metadata, the data were acquired with a Leica ALS-70 HP 
LiDAR sensor between March 22, 2015 and March 29, 2015.  
Road Shapefile and Study Area Boundary: This was acquired using OSMnx (Python for Street 
Networks), a Python programming package for downloading administrative boundary shapes and 
street networks from OpenStreetMap (Boeing 2016). 
Topographic Map: United States Geological Survey (USGS) scanned topographic maps, which 
come in DRG (Digital Raster Graphics) format, were incorporated in the study. The DRG 7.5-
minute quadrangle maps were joined to cover all of Johnson City. 
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Table 2: Input Datasets 
Data Source 
2.5 ft (0.76 m) LiDAR - DEM Tennessee GIS Clearing house (08/2017) 
Road Shapefile OpenStreetMap (Anaconda - ipython) 
Study Area Boundary OpenStreetMap (Anaconda - ipython) 
Topographic Map (DRG - 2003) Tennessee GIS Clearing house (08/2017) 
Geologic Data USGS 
 
Step 1. Identifying Depressions from LiDAR DEM 
To identify depressions, the LiDAR DEM requires some processing to establish a 
hydrologically accurate elevation model by first filling all depressions (sinks) to their pour point 
in order to separate basins and streams. After filling depressions, the original DEM was 
subtracted to generate a difference raster, representing the depth of the depressions in the original 
surface. In essence, the elevation value of each depression was inverted and became positive, 
resulting in a filled-difference raster. 
The fill-difference raster was classified into an integer type raster of seven classes based on 
depth. To identify all depressions, several classifications of depth ranges were evaluated, starting 
with 2 classes. The number of classes was increased incrementally and depressions were visually 
examined to determine an optimal number of seven classes and depth ranges (Table 3). Depth 
ranges in the first two classes were selected based on the vertical accuracy of the LiDAR DEM 
and the next two classes were based on the topographic map contour interval (20 ft). Depth 
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ranges for other classes were chosen based on the geometry of several Known Sinkholes in 
Johnson City. Depression depths were measured with reference to the outermost contour of the 
karst valleys (depressions) hosting them. Cattle ponds and swimming pools are artificial 
impoundments, which are usually included in the depressions datasets generated from LiDAR 
DEM. Following the methods of Nsonguh (2016), depressions with depths of 0 – 0.9 m were 
excluded to remove cattle ponds, swimming pools athletic fields, and other false positives. Cells 
classified into these depth intervals (Table 3) were then converted into polygons. The conversion 
was done without vector simplification so that each feature boundary perfectly matched the cell 
edges.  
Table 3: Reclassified Fill-Difference Raster Data 
Fill – Difference raster value ranges (meters) New Class Category  
0 – 0.9 1 
0.9 – 2.4 2 
2.4 – 4.3 3 
4.3 – 6.1 4 
6.1 – 10.7 5 
10.7 – 16.5 6 
16.5 – 22.3 7 
 
Vectorizing the reclassified fill-difference raster without vector simplification produced 
small polygon artifacts (0.4 to 2.3 m2). All polygons with an area less than 2.3 m2 were therefore 
classified as artifacts and removed. The vectorization also resulted in the problem of concentric 
polygons for deeper Candidate Depressions (Figure 4). To deal with this problem, separate 
feature classes were created for each of them and the innermost polygon of each large candidate 
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depression was selected using a boundary attributes selection rule. The boundary selection was 
done from the outside rim (outermost polygon) of each karst depression valley, deleting their 
record, while retain the polygons they contained (Figure 5). This was done repeatedly until only 
the innermost polygon remained (Figure 6). The main reason for the innermost polygon selection 
was to avoid identifying the same depression multiple times. The results were appended into a 
feature class to combine the records of all Candidate Depressions into a single shapefile, called 
LiDAR-derived Depressions. 
 
Figure 4: Vectorization of the reclassified fill-difference DEM showing a zoomed section of the 
study area, demonstrating the problem of concentric polygons. 
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Figure 5: A karst depression valley represented by symbology of seven classes. 
 
 
 
 
 
 
 
 
 
 
 
Figure 6: Isolation of candidate depression by selecting the innermost polygon of each 
depression valley. 
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Step 2. Digitizing Known Sinkholes from Topographic Map 
Locations of Known Sinkholes can be compared with LiDAR-derived Depressions to 
identify potential new sinkholes that may have formed after the topographic map was made or 
are shallower than can be represented by the 20 ft. contour interval. Existing depressions on the 
20 ft. contour USGS topographic quadrangles for Jonesborough and Johnson City were taken to 
be sinkholes and digitized from the topographic sheets. A grid of 10 X 10 (rows and columns) 
was set over Johnson City and digitization was done directly from the 7.5 minutes quadrangle 
topographic map (Digital Raster Graphic) by clicking on the all depressions at approximately the 
centroid, creating a point dataset called Known Sinkholes.  
Step 3. Matching Known Sinkholes with LiDAR-derived Depressions 
The new point dataset, of Known Sinkholes, was overlaid on the LiDAR-derived 
Depressions. Those depressions containing a known sinkhole point or found within 18 m of the 
known sinkhole point were identified as True Sinkholes. We arrived at 18 m search distance after 
experiments with 30 m, 21 m, and 15 m to match some Known Sinkholes. This procedure 
matched larger, deeper sinkholes whose innermost polygon may not coincide with the centroid of 
digitized depressions. 
Step 4. Calculating Metrics 
Geometrical properties of each known sinkhole polygon were evaluated by calculating a 
circularity index and two metrics generated from the Minimum Bounding Rectangle, a length-to-
width ratio and a percent area. The circularity index as described by Doctor and Young (2013) 
uses the area and perimeter of a circle to calculate the deviation of a polygon from a perfect 
circle. The relationship can be established between the expected circular perimeter of a feature 
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based on area and its measured perimeter was used to create an metric of circularity (𝐶𝑖𝑟𝑐𝑖) since 
a circle has the smallest perimeter-to-area ratio. 
Mathematically, 
𝑃𝑒  =  2𝜋 (√
𝐴
𝜋
 ) 
𝐶𝑖𝑟𝑐𝑖 = (
𝑃0− 𝑃𝑒
𝑃𝑒
 ) + 1 
Where A is the area, Pe is the expected feature perimeter for a perfect circle, and P0 is the 
measured perimeter. This was calculated for each of the LiDAR-derived Depressions to be used 
later in the study. 
Minimum Bounding Triangulation (Launspach 2013) was used to generate two other 
metrics. The Minimum Bounding Geometry (also called Minimum Bounding Rectangle (MBR)) 
analysis tool in ArcMap 10.5 constructs the smallest MBR around a polygon (depression in this 
case). Using the MBR, we calculated two metrics: the Ratio of Length to Width of the MBR 
(L2W) and Percentage of the Area of the MBR occupied by the polygon (P2P).  
Ratio of Length to width (L2W) = 
𝐿
𝑊
 
Percent of Area of MBR to Depression (P2P) = 
𝐴𝑟𝑒𝑎 𝑜𝑓 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 𝑑𝑒𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛
𝐴𝑟𝑒𝑎 𝑜𝑓 𝑀𝐵𝑅
 X 100 
 The common application of these metrics in previous studies cited in this research 
focuses on generating thresholds to filter false depressions from the dataset in a stepwise pattern 
i.e. the metrics were applied one after the other to achieve an accurate dataset of true depressions 
to be identified as sinkholes. However, in this study, the approach to filter out false depressions 
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is data-driven, such that a threshold interval for digitized depressions was defined for the three 
metrics, and was then subject to validation.  
Step 5. Generating Threshold Intervals and Validation 
After calculating the metrics, appropriate upper and lower bounds for each metric were 
selected.  First, True Sinkholes were split randomly into two parts (70% and 30%) using the 
Subset Features tool in the Geostatistical Analysis tool toolbox in ArcMap 10.5. The 70% part 
was the training data used to develop a range for each metric and identify likely values of each 
metric for sinkhole polygons. The remaining 30% was used to validate the metric ranges.  
To calculate the ranges, descriptive statistics were calculated for all three metrics 
(𝐶𝑖𝑟𝑐𝑖, L2W and P2P) using the training data. Because the distribution of all metrics was 
nonparametric, various transformations were applied in an attempt to obtain a normal 
distribution. This was unsuccessful and therefore the median was selected as the middle point for 
each threshold range. Intervals were calculated for each metric at one standard deviation (±1SD) 
and at two standard deviation (±2SD) above and below the median. 
The number and percentage of sinkholes from the training data (70%) that fell within the 
±1SD and ±2SD interval for each candidate metric were calculated. The ±1SD and ±2SD 
intervals were then applied to the 30% validation data and the percentage of sinkholes predicted 
using the intervals was calculated. These results were used to help select the appropriate 
threshold interval for each metric. 
The threshold interval selected after validation was applied to LiDAR-derived 
Depressions located beyond 18 m of the known sinkhole points hereafter referred to as Candidate 
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Depressions. The three metrics (𝐶𝑖𝑟𝑐𝑖, L2W, and P2P) were calculated for each candidate 
depression, and those falling within the threshold interval for each of the metrics were identified.  
Each candidate depression was scored on a scale of 0 to 3 based on the number of metrics 
falling within the threshold intervals. Candidate Depressions meeting the criteria for all three 
metrics were considered “highly likely” to be sinkholes, those with a score of 2 were “likely” to 
be sinkholes, a score of 1 and 0 were classified as “not likely” to be sinkholes. The candidate 
sinkholes with score of 3 were selected and were converted into point locations using their 
centroids. 
Step 6. Hotspot Analysis 
The point location dataset for the Highly Likely Sinkholes (score of 3) were appended 
with Known Sinkholes to form a dataset we called  All Sinkholes and then exported into 
Crimestat IV software (Levine 2010) for clustering and hotspot analysis. The clustering pattern 
of All Sinkholes and Known Sinkholes were calculated using the nearest neighbor analysis 
function, comparing one neighbor to its closest neighbor. This was done to examine the changes 
in hotspot locations between Known Sinkholes and All Sinkholes. Using Kernel Density 
Estimation (KDE) with a quartic kernel, an adaptive bandwidth, and minimum sample size of 30, 
the hotspots of the two datasets were identified.  
The highly likely sinkhole points were overlain on the geologic map of Johnson City to 
examine their relationship with the rock types present. Finally, 10% of the “highly likely” 
sinkholes were randomly selected for field verification and this was done by these sinkholes and 
by using Google Earth imagery. 
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CHAPTER 4 
RESULTS 
Identifying Depressions from LiDAR DEM 
 The fill-difference raster initially indicated the presence of 22,502 depressions. This 
includes all potential sinkholes either shallow or deep, leaving no depression out of the data. 
Filtering out the unsmoothed polygons with areas < 2.3 m2, reduced the number of Candidate 
Depressions to 8,969. In addition, the selection of the innermost polygons of each large 
depression reduced the number of depressions to 5,918 depressions in the resulting LiDAR-
derived Depressions dataset (Figure 7 and Plate 1).  
 
Figure 7: LiDAR-derived Depressions. The 5,918 depressions after removing the unsmoothed 
polygon edges and large depressions containing polygons. 
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Digitizing Known Sinkholes from Topographic Map 
Sinkholes digitized within the Johnson City limits (n = 613) overlain on LiDAR-derived 
Depressions showed that 30% of Known Sinkholes matched up with LiDAR-derived depressions 
(Figure 6). Most (70%), however, did not perfectly align and using a buffer of 18 m from Known 
Sinkholes helped identify n = 404 True Sinkholes, with n = 5,514 LiDAR depressions remaining 
as Candidate Depressions (Figure 8).  
 
Figure 8: Location of Known Sinkholes (n = 613) digitized from the topographic map and LiDAR-
derived Depressions (n = 404) matched by the Known Sinkholes. 
40 
 
Threshold Metrics 
Descriptive statistics of the selected three metrics are presented in Table 4. Selection of 
the median as the middle point of each threshold range yielded two potential intervals for each 
metric at ±1SD and at ±2SD (Table 5). The percent of Known Sinkholes falling within the ±1SD 
and at ±2SD intervals for all the three metrics and various transformations of the metrics for the 
training and validation data are summarized in Table 5. 
Table 4: Descriptive Statistics of All Three Metrics 
      
               Statistics  Standard Error 
𝐶𝑖𝑟𝑐𝑖 Mean  1.301 0.019 
 Median                                          1.196  
 Standard Deviation  0.326  
 Range  2.239  
 Skewness  2.697 0.145 
 Kurtosis  9.657 0.289 
     
L2W Mean  1.810 0.067 
 Median  1.553  
 Standard Deviation  1.133  
 Range  15.51  
 Skewness  8.417 0.145 
 Kurtosis  101.63 0.289 
     
P2P Mean  68.333 0.618 
 Median  70.753  
 Standard Deviation  10.397  
 Range  67.501  
 Skewness  -0.892 0.145 
 Kurtosis  1.207 0.289 
𝐶𝑖𝑟𝑐𝑖 : Circularity Index, L2W: Ratio of Length of Width the Minimum Bounding Rectangle, and 
P2P: Percentage of the Area of the MBR occupied by the polygon 
 
For 𝐶𝑖𝑟𝑐𝑖 and L2W, the ±1SD threshold interval was selected. For P2P, the ±2SD 
threshold interval was selected.   
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Table 5: Threshold Interval Ranges for the Three Metrics and Percentage of Known Sinkholes 
Within Each Threshold Interval. 
      
Threshold Interval Ranges 70% Training Data 30% Validation Data 
Metrics ±1SD ±2SD % in 
±1SD 
% in 
±2SD 
% in 
±1SD 
% in 
±2SD 
𝐶𝑖𝑟𝑐𝑖 0.87 to 1.52 0.54 to 1.85 85% 95% 83% 91% 
L2W 0.42 to 2.69 -1.13 to 3.82 91% 98% 93% 97% 
P2P 60.36 to 81.15 49.96 to 91.55 
 
78% 93% 76% 95% 
 
 Histograms and descriptive statistics of the three metrics (𝐶𝑖𝑟𝑐𝑖, L2W, and P2P) are 
presented in Figure 9 and Table 4. In the circularity index histogram, most of the Candidate 
Depressions (83%) had the 𝐶𝑖𝑟𝑐𝑖 of 1.25 to 1.522 while 44 (16%) candidates had between 1.75 
to 2.75 and 3 (1%) outliers had a 𝐶𝑖𝑟𝑐𝑖 3.0 and higher. The distribution as observed in the L2W 
histogram indicates that 250 (89%) Candidate Depressions had the L2W ratio ranging between 
1.5 and 2.686, and 10 (4%) outliers beyond 4.0. In the distribution of the candidate sinkholes 
observed in P2P, 150 (53%) Candidate Depressions from the P2P histogram had their ratio 
between 70% to 80%.   
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(a)       (b) 
 
 
 
 
 
 
 
 
(c) 
 
Figure 9: Distribution based on 𝐶𝑖𝑟𝑐𝑖 (a), Distribution based L2W (b), and Distribution based 
on P2P (c) 
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New Sinkholes 
Application of the threshold intervals to the Candidate Depressions helped identify 
Highly Likely Sinkholes in the dataset using the scoring system explained in the methods 
section. In short, Candidate Depressions were scored 1 (meets criteria) or 0 (failure to meet 
criteria) and the scores for each metric were summed for each depression, to create a compound 
score ranging from 0 to 3. The output of the scoring system is presented in Table 6 and Figure 
10. 
Table 6: Percentage of Likely Sinkholes Based on the Scoring System. 
               Bin           Criteria                                 Frequency          Percentage 
0 Not Likely a Sinkhole 240 4.3% 
1 Not Likely a Sinkhole 799 14.5% 
2 Likely a Sinkhole 841 15.3% 
3 Highly Likely a Sinkhole 3634 65.9% 
  Total = 5514  
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Figure 10: Distribution of Candidate Sinkhole scores 
 
The number of depressions with a likelihood score of three (3) i.e. meeting the threshold 
interval ranges for all the three metrics was 3,634 (65.9% of the Candidate Depressions) (Figure 
11 and 12, and Plate 2 and 3) 
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Figure 11: Highly Likely Sinkholes identified based on the scoring system. 
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Figure12: Highly Likely Sinkholes (n = 3634) identified and the already Known Sinkholes  
(n = 404) 
 
Nearest neighbour analysis performed on point location data of the Known Sinkholes 
alone (n = 613) and All Sinkholes (n = 3634 + 613) yielded nearest neighbour index (NNI) of 
0.4127 and 0.5321 respectively. The spatial patterns of both trends northeast to southwest. KDE 
indicated sinkhole hotspots with relative densities to be between 23.9 to 43.6 for Known 
Sinkholes and between 132.0 to 383.0 for All Sinkholes (Figure 13 and 14). These relative 
density values indicate the number of sinkhole points per grid cell; high absolute density value 
indicate more sinkhole points in the grid cell(s) and low value indicates otherwise. The map of 
the Highly Likely Sinkhole points overlain on the geologic map of Johnson City is presented in 
Figure 15 and Plate 4. The number of Highly Likely Sinkholes verified as a sinkhole during field 
checking was 181 (55%) of 329 candidates examined. 
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Figure 13: Kernel Density Estimation map showing areas of sinkhole hotspots (red) and cold 
spots (pink) based on point location data of Known Sinkholes. 
 
 
 
 
 
 
 
Figure 14: Kernel Density Estimation map showing areas of sinkhole hotspots (red) and cold-
spots (pink) based on All Sinkholes dataset. 
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Figure 15: Location of Highly Likely Sinkholes on the geology of Johnson City, TN. 
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CHAPTER 5 
DISCUSSION 
 
The application of several mechanisms reduced the number of LiDAR-derived 
Depressions to 5,918. Digitizing depressions from the topographic map resulted in 613 Known 
Depressions being digitized and 404 depressions of these matched the LiDAR-derived 
Depressions, producing the True Sinkholes dataset. The application of the threshold interval 
generated to identify Candidate  Depressions for the three metrics indicated that 83% and 93% of 
depressions fell within ±1SD for 𝐶𝑖𝑟𝑐𝑖 and L2W, while 76% of the depressions fell within ±2SD 
for P2P of the Candidate Depressions (5,514). Based on the scoring system applied, 3,634 
Highly Likely Sinkholes were identified within Johnson City and a field check of the 10% 
randomly selected confirmed approximately 55% of the highly sinkholes are in fact sinkholes. 
Highly Likely Sinkholes tend to follow the southwest and northeast direction trend of the 
shale formation, which is same as the trend of the topography of the city. The ridges, 
predominantly shale, are part of a sedimentary formation with low porosity and permeability that 
is not expected to host sinkholes, but instead increase runoff to nearby limestone formation 
valleys. Spatial clustering existed in the Known Sinkholes and the All Sinkholes datasets with 
NNI values of 0.4127 and 0.5321, respectively. This is evident in the KDE maps; hotspot of the 
Highly Likely Sinkholes show the development of few hotspots in the city with increased 
densities and sizes. The developed method to map sinkholes in Johnson City using LiDAR DEM 
and application of the scoring rules successfully identified Highly Likely Sinkholes and hotspot 
areas in the city, though the presence of some artefacts like cattle ponds and swimming pools 
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were not totally eliminated as observed during field verification using Google Earth. The method 
can be improved and applied on similar metropolitan cities. 
Identifying Sinkholes from LiDAR DEM 
The reclassification of the fill-difference raster into an integer type raster of seven 
classes, which represented ranges in depth, ensured that closed depressions were selected and not 
the outer contours of the karst valley hosting the Candidate Depressions. The earliest filtering 
methods applied to remove the unsmoothed polygons after vectorising the reclassified dataset 
was effective in weeding out a large number of false depressions from the dataset (from 22,505 
depressions to 8,869). These unsmoothed polygons, some having similar area sizes (0.4 m2 to 2.3 
m2), were either rectangles, triangles or even squares, mostly found along polygon edges and 
resulted from converting raster data to vector. Having such as products of vectorizing a raster 
data is common, explaining why there is the option to simplify or not simplify the polygon 
during the process in ArcMap. Filtering by selecting the innermost polygons in large depressions 
reduced the dataset from 8,969 depression to 5,918, and made possible the isolation and 
identification of each unique LiDAR-derived Depression. 
Digitizing Known Sinkholes from Topographic Map 
Approximately 66% (404) of the 613 Known Sinkholes digitized within the Johnson City 
limits matched up with LiDAR-derived Depressions when the two maps were overlain and the 
18.3 m buffer applied. Visual examination of the Known Sinkhole points that failed to exactly 
match the LiDAR-derived Depressions indicated that changes in sinkhole dimensions, land use, 
and anthropogenic activities such as paving, grading, and other types on construction, might be 
the reason for the mis-match. LiDAR-derived Depressions not matched to Known Sinkholes 
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(Candidate Depressions, n = 5,514) may be actual sinkholes with shallow depths less than the 20 
ft topographic map contour interval and therefore not identified on the map. Alternatively, they 
may have formed after the topographic map was updated in 2003. 
Calculating Metrics for Generating Threshold 
The calculation of metrics for the threshold interval indicated that about 83% of the 
Candidate Depressions from the 70% training dataset have a circularity index of 1.25 to 1.52 and 
88% have a  L2W ratio between 1.5 to 2.69. Doctor and Young (2013) applied a threshold value 
of 1.7 circularity index to filter out false depressions (anything greater was a false depression). 
Launspach (2013), identified depressions with L2W ratio value of 4.0 or less as sinkholes which 
is larger than the L2W values of sinkholes identified in this study. Selecting L2W value greater 
than 2.686 for sinkholes in the study area increases the chances of identifying more false 
depressions as sinkholes. The difference between circularity index and L2W observed in this and 
that from the previous could because of different factors including geology of the area, depth to 
bed rock, proximity to fault lines and hydrology of study areas. Approximately 53% of 
Candidate Depressions from the training data have P2P from 70% to 80%. The percentage of 
Candidate Depressions with circularity index 1.25 to 1.522 and length to width ratio from 1.5 to 
2.686 is 83% and 88% respectively, and this is very close to percentage of the Candidate 
Depressions of Highly Likely Sinkholes and Likely Sinkholes together (81.2%).  
The validation of the training dataset, achieved by applying the same threshold interval 
calculated for the three metrics on the validation dataset, yielded reliable results given that a 
similar percentage of Candidate Depressions fell within the threshold intervals for both the 
training and validation dataset (Table 5). The percentage of Candidate Depressions in ±1SD for 
𝐶𝑖𝑟𝑐𝑖 and L2W in the training datasets were 85% and 91% respectively, and this was similar to 
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the percentage of those found in ±1SD of the validation dataset (83% for 𝐶𝑖𝑟𝑐𝑖 and 93% for 
L2W). However, the percentage of the Candidate Depressions in ±1SD of each of P2P, Log (log 
(𝐶𝑖𝑟𝑐𝑖)) and Log (L2W), were all less than 80% for the training dataset and the result was similar 
for the validation dataset. In selecting appropriate threshold intervals (±1SD and ±2SD) for 
Candidate Depressions, preference should be given to having a reliable dataset with fewer 
Candidate Depressions over having high percentage result with many Candidate Depressions. 
The disadvantage of choosing a large interval (i.e. ±2SD and ±3SD) is that the sample size in the 
distribution of Candidate Depressions being considered is increased, which may include more 
false positives. This justifies why ±1SD was the better choice for 𝐶𝑖𝑟𝑐𝑖 and L2W and ±2SD was 
selected for P2P given the lower percentage of Candidate Depressions within the ±1SD interval. 
New Sinkholes 
The application of threshold intervals to the unmatched 5,514 Candidate Depressions 
identified approximately 66% of them as highly likely to be sinkholes using the scoring system. 
The scoring system also indicated that 15.3% of the remaining unmatched depressions are likely 
to be sinkholes, while 18.8% are not likely to be sinkholes.  
The NNI value (0.4127) for the Known Sinkholes show some spatial clustering, which is 
about the same as the NNI value (0.5321) of the All Sinkholes dataset. The degree of clustering 
increases as NNI approaches zero. Known sinkhole hotspots are located in northern Johnson 
City. The hotspot analysis also indicates that the four main sinkhole hotspots are located in areas 
where the geology is mainly limestone, as expected. The areas with arkose and sandstone as the 
predominant geology had few (6) sinkhole points over them and these are most likely not 
sinkholes because they are not of the evaporites and carbonates group, though they have high 
porosity and permeability. The general trend of All Sinkholes dataset is observed to follow in 
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lines parallel with the shale formations in the city and this trend matches the northeast/southwest 
trend of the regional geology and valley and ridge topography. The presence of shale ridges in 
different parts of the city produce allogenic runoff to the adjacent limestone formation valley as 
defined by the topography of the city, thereby percolating the rock and causing dissolution of the 
soluble limestone formation. Though some sinkhole points lay on top of the shales, the shale is 
distinctively symbolised so that the points are shown to be scattered over them. The points 
appear to be on the shale formation because of the scale at the map, however, field checking 
revealed that these sinkholes were located on the adjacent limestone (Figure 15). 
Generally, more hotspots have developed in northern Johnson City, while some warm 
spots (relative density range of 22.2 to 53.3) are found to have developed in the south and all 
around Johnson City (Figure 14). Most hotspots found close to Snyder Creek (north Johnson 
City) may have developed after 2003 when the topographic map was made (Figure 13). The 
colors used in representing the different relative densities of hotspots have different range of 
values and therefore, the two maps cannot be compared using color representation. However, the 
colors used in representing the relative densities indicates densities of sinkholes per square miles 
at different places in the city based on the sample size chosen. The hotspot to the north of Snyder 
Creek, indicates a trend of sinkholes (> 40) forming in a line and crossing Rockingham Road 
(Figure 14). In one of the busiest areas in the city, especially within 3.2 km of the Knob Creek 
Road-Sunset Drive intersection, there is a less dense stretch of hotspots (relative density range of 
55.4 to 131.0) trending in the northeast and southwest direction of the city, with a small dense 
spot in the southwest (Figure 14). These areas host some important infrastructure of the city such 
as the Med Tech Center and Franklin Woods Hospital, the city mall, Social Security 
Administration office, a USPS office, Johnson City Medical Centre, ETSU campus and several 
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residential areas (Plate 5). Land use in this part of the city is residential, with hospitals and some 
state facilities, including the social security office and the city mall. Approximately 33.6% of the 
sinkholes in northern Johnson City (new hotspots areas) were found to be features like 
swimming pools, ponds, and other depressed man-made structures during field check. 
The field check indicated 55% of the candidates were identified as actual sinkholes. The 
advantage of LiDAR DEM over the historical DEMs is the accuracy, and this is a case proven 
true in our studies with the initial number of depressions identified (both true and false 
depressions) and the amount of Highly Likely Sinkholes finally identified. However, dealing 
with many false depressions, which remained in the dataset even after applying several filter 
mechanisms, is the challenge to be addressed with LiDAR DEM. It might be worth applying the 
method used in this study on DEMs of lower resolutions (10 meter) which identified fewer 
sinkholes in prior studies. The possibility could be that fewer sinkholes will be identified using 
the method applied in this study on a low resolution DEM, however, this would like also reduce 
the number of false depressions identified.  
The results of this study will be useful for municipal governments in allocation of funds 
and hazard mitigation planning based on the hotspot areas identified. The hotspot maps and other 
maps produced can be made available to the public and even insurance companies for their 
appraisal and assessment of liabilities involved in accepting to insure a property in or around a 
sinkhole hotspot. The hotspot map can be a useful starting point for a broad approach, and to 
identify zones where more localised methods like Ground Penetrating Radar may be employed. 
Nevertheless, the methodology developed has a 55% accuracy in mapping sinkholes as measured 
during the field check and therefore needs improvement before being used for decision-making. 
The identification of Highly Likely Sinkholes was done by assuming that all three metrics are of 
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equal importance and therefore, we assigned weight to them equally. Calculating coefficients for 
the metrics might be an option to be explored in future work, to attach weights to the metrics 
differently. The number of the Highly Likely Sinkholes to be field checked was so great that 
only 10% were field checked and access to some were prevented because they are located on 
private properties. The study should therefore be applied on a small-scale metropolitan city. To 
get rid of lakes, ponds, and swimming pools found during field check, it would be helpful in the 
future studies to incorporate wetland data into the dataset and remove these depressions early 
before applying the metrics. 
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CHAPTER 6 
CONCLUSIONS 
 
The availability of LiDAR data and the methodology developed here made it possible to 
map and locate existing sinkholes and generate an up-to-date sinkhole database for the city of 
Johnson City. The application of a scoring system described in this research lead to the 
identification of 3,634 sinkholes and 841 likely sinkholes in Johnson City. Although false 
depressions were not totally eliminated, applying filtering by depth and geometric properties 
such as circularity index and ratios from Minimum Bounding Rectangle, produced results that 
concur with some previous studies (Doctor and Young 2013; Launspach 2013 and Cahalan 
2015). This study identified 6 times more Highly Likely Sinkholes from LiDAR DEM than were 
identified from the 20 ft topographic contour map, in agreement with the findings of Cahalan 
(2015) who compared old DEMs with LiDAR DEM. Nearest neighbour analysis helped in 
determining the spatial pattern and for calculating the hotspots in the dataset, and that agrees 
with the study of Doctor et al. (2008), where NNA was used to determine clustering and hotspots 
of potential sinkholes in Frederick Valley, Maryland. New hotspot areas have developed in 
northern Johnson City and less dense areas in the south, while some other hotspots have 
increased in size.  
“Highly likely” sinkhole hotspots are found in northern Johnson City around Old Gray 
Station Road and in the south around the Knob Creek Road/Sunset Drive intersection, occurring 
in a NE - SW trend between shale formations in the city. The presence of limestone as the major 
rock formation in Johnson City puts several places in the city at high risk of sinkhole formation, 
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as expected. Infrastructure around these hotspots in the south around Knob Creek Road/Sunset 
Drive intersection include Med Tech Center. and Franklin Woods Hospital, USPS office, Social 
Security Administration office, the Johnson City Mall, Target, ETSU campus, Johnson City 
Medical Centre, and some residential areas (Plate 5). High risk areas identified as hotspots 
should be accorded special consideration in city planning. The methods used in the study can be 
employed in sinkhole mapping investigations in other small metropolitan cities. 
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APPENDIX 
Plates  
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Plate 1: LiDAR-derived Depressions. The 5,918 depressions after removing the unsmoothed polygon edges and large 
depressions containing polygons stem. 
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Plate 2: Highly Likely Sinkholes identified based on the scoring system 
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Plate 3: All Sinkholes  
system 
68 
 
 
Plate 4: Location of Highly Likely Sinkholes on the geology of Johnson City, TN.  
system 
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Plate 5: Hotspot map of southern Johnson City showing some infrastructure at risk  
system 
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